Automatic mapping of built-up areas from a multitemporal interferometric 
Introduction
The development of methods for automated mapping and map updating using remotely sensed data is currently an important topic for research. In addition to aerial photographs and optical satellite imagery, synthetic aperture radar (SAR) data attract increasing attention (see e.g., Henderson and Xia, 1997; Tupin et al., 1999; Borghys et al., 2002; Dierking and Skriver, 2002; Haack et al., 2002; Bentabet et al., 2003; Dekker, 2003; Quartulli and Datcu, 2003) . SAR images provide information complementary to that obtained from optical data (Hellwich et al., 2001) and can be useful even if acquisition of optical images is difficult due to cloudiness or darkness. In the future, the importance of SAR data in mapping applications is expected to increase thanks to new systems providing data with high spatial resolution (e.g., COSMO-SkyMed) and with a variety of frequencies (e.g., TER-RASAR), polarization modes and incidence angles (e.g., .
Previous studies have shown that inter+ferometric SAR data including coherence information, as well as conventional backscatter intensity, offer considerable potential for land-use
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Interferometric SAR Images -A Segment-based Approach Leena Matikainen, Juha Hyyppä, and Marcus E. Engdahl mapping (Askne and Hagberg, 1993; Werner, 1995 and Dammert et al., 1999; Strozzi et al., 2000; Weydahl, 2001; Engdahl and Hyyppä, 2003) . Coherence is the correlation between the complex images of an interferometric image pair and provides information on the stability of the target (see e.g., Wegmüller and Werner, 1995) . For example, forests have typically lower coherence values than open or urban areas, and interferometric SAR data are thus well suited for distinguishing forest from other land-cover classes Werner, 1995 and Smith and Askne, 2001) . Since the level of coherence is related to the amount of vegetation, coherence information is also promising for quantitative forest and crop monitoring applications (see e.g., Engdahl et al., 2001; Fransson et al., 2001; Blaes and Defourny, 2003; Pulliainen et al., 2003) . Extraction of linear objects from interferometric SAR data in the Siberian lowlands and in a rain forest context has been studied by Hellwich et al. (2002) and Onana et al. (2003) , respectively. In urban areas, the coherence is usually high due to the stability of scatterers and remains high even over long time periods (Strozzi and Wegmüller, 1998; Usai and Klees, 1999; . The coherence information is thus also valuable in urban mapping. In backscatter intensity data, built-up areas are characterized by strong reflections from manmade objects such as buildings (see e.g., Dong et al., 1997) . The heterogeneous appearance of the areas in the imagery, however, can make automatic interpretation difficult. For example, a suburban area typically comprises houses, roads, other construction, yards, and different types of vegetation. In an image with a spatial resolution of about 30 m, this area appears as a group of mixed pixels together with pure pixels from various land-cover classes. As discussed by Xia and Henderson (1997) , the factors affecting the intensity of radar returns from surface objects, especially for urban environments, are many, varied, and complex.
Several studies related to urban mapping from interferometric SAR data have been conducted. Wegmüller (1998), Del Frate et al. (1999) , and Santoro et al. (1999 and tested different approaches based on coherence, intensity and texture information to detect urban areas. Del Frate et al. (1999) and Santoro et al. (1999) also discussed the possibility of classifying urban areas into subclasses, such as areas with different building densities. used coherence information to map urban extent, and applied coherence information in mapping urban change. found that classification kappa coefficients greater than 90 percent can be achieved in urban/non-urban classification when image pairs with long time intervals between the images are used. Fanelli et al. (2000) analyzed the causes of decorrelation in urban areas, and Fanelli et al. (2001) and Luckman and Grey (2003) studied the use of coherence images to acquire information on building heights. The mapping of urban areas has also been addressed in land-cover mapping studies with a larger number of classes (Wegmüller and Werner, 1997; Dammert et al., 1999; Strozzi et al., 2000) . For example, Strozzi et al. (2000) used different algorithms and test areas in Europe and their results suggested that land-use classification accuracies of around 75 percent are possible with, in the best case, simultaneous forest and non-forest accuracies of around 80 to 85 percent. The accuracy of urban areas, however, was only around 30 percent. Problems in discriminating urban areas were also encountered by Dammert et al. (1999) . In these previous studies, various numbers of European Remote Sensing Satellite (ERS) SAR images and features extracted from them have been used. The classification algorithms applied were pixel-based methods.
The goal of our study was to investigate how built-up areas could be detected automatically from a multitemporal interferometric ERS-1/2 Tandem dataset using a region-based classification approach and to evaluate the applicability of the data to automatic land-use mapping and map updating. Previous studies have shown that the classification results of remotely-sensed data can be improved by using spatial information, for example segmenting the image into homogeneous regions before classification (see e.g., Kettig and Landgrebe, 1976; Johnsson, 1994; Dong et al., 2001; Borghys et al., 2002; Macrì Pellizzeri et al., 2003) . Classification of regions is easier than classification of single pixels, especially in heterogeneous images. In addition, a region-based approach allows advanced use of contextual information such as neighborhood relationships in classification (see Benz et al., 2004) . Previous studies have also shown that use of spatial information in the form of textural features is advantageous for classification (see e.g., Ulaby et al., 1986; Schistad Solberg and Jain, 1997; Karathanassi et al., 2000; Rajesh et al., 2001; Shaban and Dikshit, 2001; Gluch, 2002; Haack et al., 2002; Kiema, 2002; Dekker, 2003; Dell'Acqua and Gamba, 2003) . Many of these studies have concentrated on urban areas where a heterogeneous landscape makes pixel-based classification of the original image data especially difficult.
A dataset created from 14 ERS-1/2 complex image pairs acquired during the ERS Tandem mission in 1995 -1996 (Engdahl and Hyyppä, 2003 was used in the study. The imagery covers Helsinki and its surroundings with a variety of built-up areas as well as forests and agricultural land. According to visual evaluation, the dataset is promising for land-use mapping applications. Forests, agricultural fields, urban areas, and even main roads and railways are visible in the imagery. Due to the relatively low spatial resolution of the ERS data, automatic extraction of small or narrow objects, such as roads, is likely to be difficult and was not investigated in the study, but for mapping land-use classes in a coarser scale the dataset could be useful. Engdahl and Hyyppä (2003) achieved an overall accuracy of 90 percent when classifying the dataset into six classes using a pixel-based approach. They used a thresholding rule based on two Tandem pairs to detect water and an unsupervised ISODATA classifier to classify the other classes.
Study Area and Data

Study Area
The study area covers Helsinki and its surroundings in southern Finland. This area comprises a variety of built-up areas, forests, and agricultural land. The total land area covered with the imagery and classified in the study is about 1800 km 2 . For analysis and accuracy estimation, two 9.5 ϫ 9.5 km sub-areas were used. They will be referred to as Test Site 1 and Test Site 2. The test sites are mainly suburban areas located about 5 to 20 km west of the center of Helsinki. In addition to the test sites, a few training areas were used in land-use classification and a set of reference points in accuracy estimation. A figure of the study area showing the location of the test sites, training areas and reference points is shown in Figure 1 . Use of the different subareas and reference data sources in the study is summarized in Table 1. 702 J u n e 2 0 0 6 PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING SAR Imagery A total of 14 ERS-1/2 Tandem complex image pairs acquired in 1995 and 1996 from descending orbits were processed using a commercial software package from GAMMA Remote Sensing Research and Consulting AG (GAMMA Remote Sensing, 2004) . Processing the data was described in detail in Engdahl and Hyyppä (2003) , and 28 intensity, 14 coherence, and 2 long-time coherence (with temporal baselines of 36 and 246 days) images were created and orthorectified. The pixel size of the images after processing was 20 ϫ 20 m. The intensity and coherence images were filtered separately with a temporal filter. To acquire the spatial estimates needed in temporal filtering, a 5 ϫ 5 pixel k-nearest-neighbor Lee and a 5 ϫ 5 pixel median filter were used for the intensity and coherence images, respectively. The principal components transformation (PCT) was used to reduce the dimensions of the dataset. A textural feature, grey-level co-occurrence matrix (GLCM) uniformity (ER Mapper, 2002) , was calculated from the intensity images. This feature was first calculated separately for each of the 14 Tandem mean intensity images using a 9 ϫ 9 pixel window, and the results were then averaged. The applied direction of co-occurrence was 135 degrees (clockwise from north). A water mask was created by thresholding backscatter intensity ratio images (Engdahl and Hyyppä, 2003) . The final image dataset applied in the present study included eight channels with values scaled into range 0 to 255: Water areas were excluded from the study by using the water mask as a thematic layer in segmentation and classification.
Reference Data for Estimating the Accuracy of Land-use Classification A set of 1,313 reference points determined and described by Engdahl and Hyyppä (2003) was used as reference data in estimating the accuracy of land-use classification results. Aerial photographs, topographic maps and information from the National Forest Inventory of Finland were used to determine the reference points that represent seven land-cover classes: open area, sparse forest, dense forest, low-rise residential area, high-rise residential area, dense urban area (city center), and industrial area. In addition to the reference points, a reference map based on two digital map datasets and covering Test Site 1 was used in accuracy estimation (see Plate 1). Low-rise areas (areas of small houses), high-rise areas, industrial areas, fields, meadows, and open areas were obtained from the 1:50 000 Map Database of the National Land Survey of Finland (NLSF), and forests were obtained from a forest map of FM-Kartta Oy. The map data for the three built-up and three open classes were converted from vector into raster format with 20 ϫ 20 m pixels. Created from aerial images, the forest map was originally very detailed and was first converted into a raster map with 2 ϫ 2 m pixels. supplemented with the forest data; if a pixel was unclassified in the reference map and completely covered with forest in the forest map, it was labeled as forest. Finally, all boundary pixels of classes were labeled as unclassified to exclude possibly uncertain and mixed pixels from the accuracy estimation.
It should be noted that the reference map provides information on the occurrence of seven land-use classes in the area, but it does not cover the area exhaustively. For example, large individual buildings are typically presented as buildings in the 1:50 000 map and areas with this type of buildings are not included in the built-up areas. Similarly, open areas other than those classified as fields, meadows and open areas also occur in the area. Those three classes were selected because they should represent clearly open areas without ambiguities. The 1:50 000 Map Database in Test Site 1 corresponded to the situation in 1996 and was thus wellsuited for analysis of the imagery from 1995 and 1996. The forest map was for 2001. Areas covered with forest in the map were most likely also covered with forest in 1995 and 1996, but if some forest was felled after 1995 and 1996, it is missing in the reference map. Many forests are also missing in the reference map due to the very detailed representation in the original map (pixels can be included in built-up areas or labeled as unclassified, see Plate 1).
Reference Maps for Analyzing Built-up Areas
Built-up areas of the 1:50 000 Map Database in Test Site 1 were used in analyzing the appearance of different types of built-up areas (low-rise areas, high-rise areas, and industrial areas) in the imagery. A raster map with 20 ϫ 20 m pixels was created as described above. In this case, only built-up areas were included in the map and boundary pixels were not excluded.
To study the relationship between values in the imagery and building density, two building maps in raster format were created. The pixel size of the maps is 2 ϫ 2 m, and the maps cover most of Test Site 1 (see Figure 1 ). Both maps are based on the Topographic Database of the NLSF, and a building map and a digital elevation model (DEM) of FM-Kartta Oy. One of the maps corresponds to the situation in 2000, which was presented in the Topographic Database. The other is based on an edited version of the database and approximately represents the situation in 1995 and 1996. In the following, the reference maps will be referred to as the new building map and the old building map, respectively.
Outlines of the buildings in the reference maps were taken from the Topographic Database, and building heights are based on the building map and DEM obtained from FMKartta Oy. Each building pixel in the reference maps has the height of the building as its value. It must be noted that due to matching problems with the two original vector maps (the Topographic database and the building map of FM-Kartta Oy), some errors in building heights occur in the reference maps, especially in buildings with complex shapes. About 8 percent of buildings had a height value of 0 m, and for these buildings the mean height of buildings of the same class (classes defined in the Topographic Database) in Test Site 1 was assigned. For most buildings, however, the height information is correct. Since the building maps were used in analyzing regions, not individual buildings, it can be expected that the errors did not have a remarkable effect on the results.
Reference Maps for Estimating the Accuracy of Building Density Classification
Building maps from Test Site 2 (see Figure 1 ) were used in estimating the accuracy of a building density classification carried out in the study. An old building map and a new building map were created in a similar way as in Test Site 1 (see above). The new building map corresponds to the situation in 2000 and is thus a few years newer than the imagery. On the other hand, the old building map in Test Site 2 represents the situation a few years before the images were acquired.
Methods General
In the first stage of the study, the objective was to distinguish built-up areas from other land-use classes, and classification of the image data into main land-use classes was thus performed. The class built-up area was defined to include buildings, roads, and other man-made structures of an urban environment, as well as small vegetation-covered areas related to them, such as gardens. The feasibility of the imagery for classifying built-up areas further into subclasses was then investigated, and a building density classification was conducted. The accuracy of the classification results was estimated by comparing them with reference data. The overall flow of the study is presented in Figure 2 . A region-based approach was used throughout the study; the imagery was segmented into homogeneous regions before classification, and all analyses were performed for regions (i.e., segments). eCognition software (Definiens Imaging, 2004 ) was used in segmentation and classification. Statistical analysis of built-up areas and accuracy estimation were conducted using MATLAB (The MathWorks, 2004 ).
The applied multi-resolution segmentation method (Baatz and Schäpe, 2000; Definiens Imaging, 2003 ) is based on bottom-up region merging and a local optimization process minimizing the growth of a given heterogeneity criterion. The heterogeneity criterion is defined as a combination of spectral (color) and spatial heterogeneity. The spectral heterogeneity of segments is based on the sum of the standard deviations of spectral values in different channels (digital numbers in the SAR data in our study), weighted with channel weights, while the spatial heterogeneity is based on the compactness and/or smoothness of the segments. The compactness of a segment is measured by calculating the ratio of its border length to the square root of its area. The smoothness is measured by the ratio of the border length to the shortest 704 J u n e 2 0 0 6 PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING Figure 2 . Flow of the study. The image data were first segmented and classified into land-use classes (top of the figure). The feasibility of the imagery for classifying built-up areas further into subclasses was then investigated using a subarea of the data (bottom), and rules defined from this analysis were used to classify built-up areas of the land-use classification result into building density classes (middle). The accuracy of the classification results was estimated by comparing them with reference data. possible border length, which is determined on the basis of the bounding box of the segment. The heterogeneity measures are weighted by segment sizes. The size and number of resulting segments is controlled with a scale parameter, which is a measure for the maximum change in heterogeneity that may occur when two segments are merged. The segmentation method allows creation of several hierarchical levels of segments with different sizes. These levels form an image object hierarchy, in which a segment on a higher level can consist of several subsegments on a lower level. It is also possible to use map information as thematic layers to guide the segmentation so that each segment belongs to only one class of the map. A classification-based segmentation can be produced after preliminary segmentation and classification steps.
In classification, the nearest neighbor (NN) classification method and membership functions were used (Definiens Imaging, 2003) . The NN method is a flexible classification method because it does not require the data to have a certain statistical distribution. For each segment, the most similar sample object (segment) is found and the segment is assigned to the same class with this sample object as described in Definiens Imaging (2003) . Similarity is measured by calculating distances in the feature space (Euclidean distances calculated using feature values that are divided by the standard deviation of all values for the feature). By using membership functions, on the other hand, it is possible to define various rules for classification. For example, neighborhood relationships between segments can be exploited.
Land-use Classification
The image data were first segmented into relatively small and homogeneous regions using channels 1 through 3 with equal weights, a scale parameter of 15, and a heterogeneity criterion: color 80 percent, shape 20 percent (smoothness 90 percent, compactness 10 percent). Appropriate parameter values were found heuristically (which also applies to other stages of the study). The effect of given parameter values is dependent on the image data used, and the values are thus not generally applicable. They are reported here to give a rough idea of similarities and differences between segmentation results used in various stages of the study. The heterogeneity criterion corresponded to the default values of the software. The mean area of the resulting segments was about 2 ha. Segments in built-up areas were often smaller than segments in forested and open areas.
Training areas for recognizing built-up areas, forests, and open areas with the NN classifier were defined manually on the basis of the image data, maps and knowledge of the region. The initial training areas covered 0.12 percent of the total land area in the imagery and included four built-up areas in a suburban area containing both a densely built-up area and a low-rise residential area, two forest areas, two open areas on agricultural fields, and one on a golf course. The training areas for the built-up class covered mixed pixels of buildings and other land-covers in addition to a pure densely built-up area. The initial training areas were imported into eCognition as a training area mask, and sample objects were automatically created. Finally, the sample objects were checked manually using digital map data. Some corrections were made. The training areas did not have any overlap with the reference data used in estimating the accuracy of land-use classification.
The NN classification method was used to classify the segments into built-up areas, forests and open areas using the mean values of the segments in various image channels.
The following channel combinations were used:
• Channels 1 through 3, which are well-suited to visual interpretation (see Plate 2a).
• Channels 2 through 6 with and without texture channel 8; these were the most useful channels according to preliminary analysis of training area statistics.
• Channels 1 through 8, i.e., all channels.
Complete detection of built-up areas, especially lowrise areas, can be difficult if only the mean intensity and coherence values of the segments are used in classification. In low-rise areas a major part of the land is covered with vegetation and contextual information on the neighborhood is needed to include these vegetated areas into the builtup land-use class. The texture channel of the dataset was created to provide this type of contextual information. As another alternative, use of information on the classes of neighboring segments was tested. In practice, a new segmentation level identical to the first level was created to allow another classification to be performed for the same segments. The new segments were first classified according to the previous result, and forests and open areas were then further divided into urban forest, other forest, urban open, and other open using neighborhood relationships (Definiens Imaging, 2003) . A segment became classified as urban forest or urban open if over 50 percent of its border was surrounded by built-up area. Urban forest and urban open were then grouped together with the built-up area. Finally, the classification results were compared with the reference data to estimate the accuracy of land-use classification.
Analysis of Built-up Areas: Comparison of Low-rise Areas, High-rise Areas, and Industrial Areas The feasibility of distinguishing low-rise areas, highrise areas, and industrial areas from each other from the imagery was studied using 1:50 000 map data from Test Site 1. Histograms of various segment attributes in the three classes were compared. Segmentation was performed using image channels 1 through 3. Small segments corresponding to those used in land-use classification were first created. Segmentation was then continued with a scale parameter of 40 and a heterogeneity criterion: color 50 percent, shape 50 percent (smoothness 50 percent, compactness 50 percent). The purpose was to create larger regions that might be useful for representing different types of built-up areas in a map. The map showing the three classes of built-up areas was used as a thematic layer in segmentation. Each segment thus belonged completely to one class in the map, which made it possible to compare the properties of segments from different classes. The mean area of the built-up segments was about 8 ha. The final segmentation result together with various attributes of the segments (mean values and standard deviations in each channel, textural features) was exported from eCognition, and histograms of the attribute values were formed for the three classes.
Analysis of Built-up Areas: Relationship Between Image Data and Building Density
The relationship between the mean values of segments in the imagery and building density was studied using building maps from Test Site 1. Segmentation was performed without map data, but otherwise with similar parameters as described in the previous section. A mask showing the coverage of the building maps (see Figure 1 ) was used as a thematic layer to obtain segments that were completely covered with the maps. The mean area of the segments was about 17 ha (both built-up and other segments included). The results were exported from eCognition, and for each segment, two building density measures were calculated from the building maps (see Figure 3) . The first one was calculated by dividing the area covered with buildings by the total area of the segment. In the other measure, building heights were taken into account by dividing the total building volume of the segment by the area of the segment. Scatter plots showing the relationship between the mean values of segments in different channels and building density were then formed. Linear regression and histogram analyses were also conducted.
Building Density Classification
On the basis of threshold values determined from the analysis, all built-up areas detected in the land-use classification stage (the best classification result compared with reference data) were further classified into three building density classes in eCognition. This classification was applied for segments created with a scale parameter of 40 and a heterogeneity criterion: color 50 percent, shape 50 percent (smoothness 50 percent, compactness 50 percent) (the same parameter values that were used in the analysis stage). The segmentation level was created between the original small segments used in land-use classification and large segments determined from the land-use classification result. Each new segment thus belonged completely to one land-use class, which made classification of built-up segments into subclasses possible. As before, channels 1 through 3 were used in segmentation. The mean area of the resulting built-up segments was about 8 ha. Finally, the classification results were compared with reference data (building densities calculated from the building maps of Test Site 2) to evaluate the accuracy.
Results and Discussion
Land-use Classification The accuracy of the land-use classification results compared with the reference points and the reference map is presented in Table 2 . The table shows the percentage of correctly classified reference data (corresponds to interpretation accuracy or producer's accuracy and total accuracy or overall accuracy) using various combinations of the channels. The segmentation result for part of the study area is presented in Plate 2b and the classification result obtained using channels 2 through 6 and 8 is presented in Plate 2c. Confusion matrix and accuracy estimates for this classification are shown in Table 3 (for description of the accuracy measures, see Helldén, 1980) . To create the confusion matrix, the reference points were used and combined into three classes corresponding to those used in the classification: open area, forest (contains points of sparse and dense forest), and built-up area (contains points of low-rise residential area, high-rise residential area, dense urban area, and industrial area).
As shown by the results in Table 2 , a high accuracy was achieved in the land-use classification. Compared with the reference points, all the channel combinations tested gave an overall classification accuracy better than 90 percent. The best result (97 percent) was obtained using channels 2 through 6 and 8 (channels containing coherence information, the first PC calculated from the intensity images, and texture). Table 3 shows that the accuracy of this classification result was high for each of the three classes; the mean accuracies for built-up area, forest, and open area were 97 percent, 94 percent, and 98 percent, respectively. Using all channels, nearly the same overall accuracy was achieved (96 percent, Table 2 ). Compared with the reference map, the accuracy was generally somewhat lower than compared with the reference points. The overall accuracy of the best classification result was 86 percent.
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Reference points in dense urban areas (city center) were recognized as built-up with 100 percent accuracy in each classification (Table 2) . In low-rise residential areas, highrise residential areas, and industrial areas, the percentage of reference points correctly classified as built-up was 66 to 94 percent, 87 to 98 percent, and 93 to 99 percent, respectively. The texture channel 8 appeared to be useful in recognizing built-up areas, especially low-rise areas, as builtup. It is worth noting that the mean value of the textural feature for each segment was used in classification, but due to the pixel-based calculation of the texture channel with a relatively large window size of 9 ϫ 9 pixels, the mean value for a given segment was based on intensity variations both in the segment and its neighborhood. The texture channel thus brought some contextual information into classification. When the texture channel was not used, the interpretation accuracy of built-up areas could be clearly improved by using information on the classes of neighboring segments. For example, when using channels 1 through 3, the second classification step with the neighborhood information improved the percentage of low-rise residential areas and high-rise residential areas recognized as built-up from 66 percent to 79 percent and from 87 percent to 97 percent, respectively, compared with the reference points. On the other hand, this classification step decreased the percentage of correctly classified open areas and forests; that is, some open areas and forests were incorrectly classified as built-up. In high-rise areas and industrial areas, the accuracy compared with the reference map was nearly the same as the accuracy compared with the reference points. In low-rise areas, the accuracy of the best classification results (channel combinations 2 through 6 and 8, and 1 through 8) was clearly lower when compared with the reference map. With the channel combination 2 through 6 and 8, 78 percent of the low-rise areas in the reference map were classified as built-up. The corresponding result calculated using the reference points was 94 percent. Visual comparison of the results with the map and image data revealed that the low-rise areas which were not detected were often forested areas and not clearly visible in the imagery. On the other hand, small areas in forest, especially rocky or hilly areas, were sometimes misclassified as built-up.
It should be noted that the two reference data sources (points and map) differed much from each other. The points are distributed over a large part of the study area and represent homogeneous plots selected manually using e.g., aerial imagery (Engdahl and Hyyppä, 2003) . The map, on the other hand, provides more complete coverage for a relatively small area but contains information that has been generalized for map presentation. In the reference map, the relative proportion of built-up land is clearly larger than in the reference points and in the study area in general, which also affected the results. The lowest accuracy was obtained for the meadows and open areas of the reference map. The number of meadows and open areas in Test Site 1 was small, and it is thus difficult to draw any conclusions on the results. In the case of meadows, some confusion occurred with forests, but the meadows were small in size. In the case of open areas, the most confusion occurred with built-up areas. This is probably related to the relatively small size of the open areas compared with the spatial resolution of the imagery and definition of the classes. Use of contextual information in classification helped to include small, vegetated areas in the urban environment into the built-up land-use class. This was advantageous for mapping low-rise areas as built-up, but on the other hand decreased the accuracy of open areas, which can be seen in Table 2 .
The classification results, especially for built-up areas, were clearly better than those obtained in some previous studies with interferometric ERS data (e.g., Strozzi et al., 2000) , although it must be noted that direct comparison of classifications with different datasets, class definitions, and number of classes is impossible. The main explanation for the good accuracy achieved in the present study is probably the high quality of the interferometric dataset. Engdahl and Hyyppä (2003) achieved an overall accuracy of 90 percent when applying an unsupervised pixel-based ISODATA classification to the same dataset (channels 1 through 6 used in classification, the reference points in accuracy estimation). The output from the ISODATA algorithm was filtered with a 3 ϫ 3 pixels majority filter. In their final results, six classes were included (one of these was water that was detected before the unsupervised classification using a thresholding rule). Two built-up classes, mixed urban and dense urban, were included, and the interpretation accuracies (producer's accuracies) for these were 80 percent and 91 percent, respectively (mixed urban included low-rise residential areas, high-rise residential areas, and industrial areas). If the two classes were combined in the final result, the accuracy of built-up would approach the best accuracy obtained in the present study (Engdahl and Hyyppä: 92 percent of mixed urban and 100 percent of dense urban reference points classified as built-up). The accuracy of open areas and forests was nearly the same as in the present study (Engdahl and Hyyppä: 97 percent of open points classified as open, 94 percent of sparse forest, and 99 percent of dense forest points classified as forest). It can be concluded, however, that the region-based approach applied in the present study has some benefits compared with pixel-based classification. Reliable classification results are easier to achieve for segments than for single pixels because the mean values of the segments can be used. In addition, contextual information on the classes of neighboring segments can be exploited. A region-based classification also results in homogeneous regions, resembling a map drawn by a human interpreter, without any postprocessing. It is also worth noting that the classification of the present study was highly automatic; training areas covered only about 0.12 percent of the study area and did not have any overlap with the reference data used in accuracy estimation. A disadvantage of region-based classification is that classification errors affect entire segments.
Analysis of Built-up Areas: Comparison of Low-rise Areas, High-rise Areas, and Industrial Areas The feasibility of distinguishing low-rise areas, high-rise areas, and industrial areas from each other from the imagery was studied using data from Test Site 1 as described in the methods section. Histograms of the three classes are shown for each image channel in Figure 4 . The histograms were calculated from the mean values of the segments. As Figure 4 shows, low-rise areas, high-rise areas and industrial areas appeared to be difficult to distinguish from each other. Despite some characteristic features (e.g., low coherence values and high textural feature values in low-rise areas), a remarkable overlap exists between the histograms of different classes. Better results were not obtained when standard deviations and some textural features calculated for segments (GLCM homogeneity, GLCM contrast, and grey-level difference vector (GLDV) angular 2 nd moment) (Definiens Imaging, 2003) were investigated. The results are not surprising, because areas with varying building density and vegetation cover can occur in each of the three classes.
Analysis of Built-up Areas: Relationship Between Image Data and Building Density
The relationship between the mean values of segments in the imagery and building density was studied using building maps from Test Site 1. Scatter plots showing the relationship in different channels are shown in Figure 5 . The building densities in the figure were calculated from the old building map. To ensure that the building densities corresponded well to the situation at the time of image acquisition, only those segments were included for which the difference in building density calculated from the old and new maps was under 0.01 (calculated without building heights). The brightness of a segment in Figure 5 was calculated in eCognition as the mean value of the mean values of the segment in image channels 1 through 5.
Linear regression analyses between the mean values of segments and the building density were also conducted. Segments with a building density of 0 and over 0.35 (calculated without height information), or 0 and over 4 (calculated with height information) were excluded. The lower limit was set because the aim was to analyze builtup areas. The upper limits were selected on the basis of the scatter plot figures (Figure 5 ), which suggest that a linear relationship between the mean values and building density only exist when the building density is not very high. The correlation coefficients and coefficients of determination (R 2 values) for different image channels are shown in Table 4 .
The scatter plot figures ( Figure 5 ) and the linear regression results (Table 4) show that a clear dependence exists between the building density of an area and its mean intensity and coherence in the image data. For intensity, this result is in accordance with Dong et al. (1997) , who suggested that a good correlation between the backscattering response and bulk size and density of buildings could be found if the effect of the buildings' orientation is compensated. In the present study, however, such compensation was not made. The highest correlation coefficient (0.811) and coefficient of determination (0.657) were obtained for segment brightness. The correlation values obtained when building heights were taken into account were generally somewhat lower than those obtained without height information. The reasons for this behavior are difficult to determine due to the complex dependencies of the intensity and coherence on various radar system parameters and environmental factors, such as imaging geometry and orientation of buildings (see e.g., Dong et al., 1997; Xia and Henderson, 1997; Fanelli et al., 2001; Luckman and Grey, 2003) . The dataset also consisted of a large number of images preprocessed in various steps.
The results suggest that classification of built-up areas into building density classes might be a feasible approach to refine the classification of built-up areas in cases where the area is not very densely built-up (in our dataset the threshold value is about 0.3 to 0.4, calculated as the proportion of land covered with buildings). To determine rules for such a classification, the built-up segments under analysis (Test Site 1) were divided into three classes according to the building densities calculated from the maps (calculated without building heights): (a) sparsely built-up (building density Ͼ0, Ͻ0.1), (b) intermediately built-up (0.1 to 0.2), and (c) densely built-up (Ͼ0.2). Segments for which densities calculated from both the old and new maps belonged to the same class were included. Histograms of segment brightness in the three classes were formed and are shown in Figure 6 .
Building Density Classification
Threshold values determined from the histograms of Figure  6 were applied to classify built-up areas of the best land-use classification result (channels 2 through 6 and 8, entire study area) further into three building density classes. As described in the Methods Section, this classification was applied to larger segments than those used in land-use classification. The segmentation and classification results are shown in Plates 2d and 2e.
The accuracy of the building density classification was estimated by comparing the results with building densities calculated from the building maps of Test Site 2 (segments completely covered with the building maps were considered; building densities were calculated without building heights). The results are shown in Table 5 . The building densities were calculated separately from the old and new building maps. Only those segments for which both densities belonged to the same class (no buildings (building density 0), very sparse (Ͼ0, Ͻ0.05), sparse (Ն0.05, Ͻ0.1), intermediate (0.1 to 0.2), or dense (Ͼ0.2)) were included in accuracy estimation. The calculated values should therefore accurately represent the situation at the time of image acquisition. Other segments were labeled as undetermined in the table. Sparsely built-up areas determined from the reference data were divided into two classes (very sparse and sparse) to separately account for segments with very low building densities. For example, one building might exist in an otherwise forestcovered segment, and in this case forest could be a better classification than sparsely built-up, although definitive criteria for correct classification cannot be set. Table 5 shows that the results of building density classification were mainly satisfactory. As the building density calculated from the reference maps increased, the building density estimated from the image data also generally increased. However, since the building density is a continuous variable, the classes cannot be strictly separated from each other in the imagery. For example, when the building density in the maps was sparse (Ն0.05, Ͻ0.1), the percentages of sparsely, intermediately and densely built-up segments in the classification result were 38 percent, 49 percent, and 4 percent, respectively. When the density in the maps was intermediate, the percentages were 12 percent, 62 percent, and 23 percent, and when the density was high, the percentages were 0 percent, 60 percent, and 40 percent. In each Table 4 ).
case, the percentage of segments classified into the intermediate class was highest, although the percentage of sparsely built-up segments clearly decreased and that of densely built-up segments increased as the building density in the maps increased. It should be noted, however, that only five segments belonged to the reference class densely built-up, and those results are thus not very reliable.
Further Development
The results of the study suggest that interferometric SAR data are well-suited for distinguishing built-up areas from forest and open areas and for dividing built-up areas into subclasses according to building density. For practical applications, further investigations of the validity of the results and optimization of various parameter values would be useful.
For example, the number of interferometric image pairs used in creating the dataset was large (14), which is one reason for the high quality of the dataset and results. The results presented by Karjalainen et al. (unpublished report, 2003) suggest that good land-use classification results could be obtained with a smaller number of images (3 to 6). also achieved high accuracy in urban/non-urban classification from single ERS coherence images with long temporal baselines (the best overall accuracy and kappa coefficient over 90 percent compared with a set of test polygons). Testing the effect of the number of images on the quality of the classification results could be a subject of future research.
Another subject for further research could be optimization of the various parameter values used in segmentation and classification. Default values of the software and values found heuristically were used in the present study. It is possible that even better results could be obtained if the parameters were selected more carefully. On the basis of experiments carried out in the study, we suppose, however, that minor changes in the parameter values would not have a remarkable effect on the results.
Conclusions
A high accuracy was achieved when a multitemporal interferometric ERS dataset was used to distinguish built-up areas from forest and open areas using a region-based classification approach. The overall classification accuracy compared with reference points was 97 percent. Low-rise areas were the most difficult built-up areas to detect. Compared with the reference points, 94 percent of these were detected as built-up. Compared with topographic map data, the percentage was 78 percent. The classification process was highly automatic and resulted in homogeneous regions resembling a map drawn by a human interpreter. As also presented in many previous studies, the results show that interferometric SAR data including coherence information in addition to backscatter intensity is a useful data source for land-use mapping. Additionally, the results confirm that contextual information in the form of texture or neighborhood relationships between segments is advantageous in detecting built-up areas.
The feasibility of the imagery for dividing built-up areas further into subclasses was also investigated. Built-up classes of Finnish 1:50 000 topographic maps (low-rise areas, high-rise areas, and industrial areas) appeared to be difficult to distinguish reliably from each other. On the other hand, a correlation between the building density of an area and its intensity and coherence in the image data was detected in cases where the building density was not very high (threshold value of about 0.3 to 0.4, calculated as the proportion of land covered with buildings). The dataset thus appeared to be promising for classifying built-up areas into subclasses according to building density. Such a classification was tested, and satisfactory results were obtained.
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